In the era when over 6.2 exabytes of global mobile data traffic is generated each month (Cisco 2016) it is inevitable that open source 'big data' plays an increasingly important role in the advancement of research in the social sciences (Preis et al. 2013 ). This 'big data' movement has generated much interest in potential applications to study crime and disorder (Williams et al. 2016) . In truth, it appears unlikely that many data used in criminological research would meet the 'volume' requirement necessary to qualify as 'big', according to standard definitions (Kaisler et al. 2013) . However, the strength of these emerging sources of data does not necessarily come from their size. There are plenty of data sets now being produced as a result of people's online activities that show promise in offering new lines of enquiry in social science, in particular concepts related to crime and disorder which we review below. However, these studies conceptualize such data as an econometric measures of crime and disorder issues, and, we argue, miss an important quality of such information. A central aim of this article is to re-conceptualize the use of open source data produced by online collaborative effort (crowdsourced data) in representing theoretical concepts in criminology, by focusing on the subjective bias inherent in their mode of production.
Introduction
In the era when over 6.2 exabytes of global mobile data traffic is generated each month (Cisco 2016) it is inevitable that open source 'big data' plays an increasingly important role in the advancement of research in the social sciences (Preis et al. 2013 ). This 'big data' movement has generated much interest in potential applications to study crime and disorder (Williams et al. 2016) . In truth, it appears unlikely that many data used in criminological research would meet the 'volume' requirement necessary to qualify as 'big', according to standard definitions (Kaisler et al. 2013) . However, the strength of these emerging sources of data does not necessarily come from their size. There are plenty of data sets now being produced as a result of people's online activities that show promise in offering new lines of enquiry in social science, in particular concepts related to crime and disorder which we review below. However, these studies conceptualize such data as an econometric measures of crime and disorder issues, and, we argue, miss an important quality of such information. A central aim of this article is to re-conceptualize the use of open source data produced by online collaborative effort (crowdsourced data) in representing theoretical concepts in criminology, by focusing on the subjective bias inherent in their mode of production.
The particular contribution of this article is to outline a new approach for measuring people's perception of crime and safety using crowdsourced data. We propose that a strength of crowdsourced information is that it can represent a measure of what matters to a community. We suggest that the underlying bias in what gets reported through such that people participate in crowdsourcing initiatives when they want to highlight issues they consider problematic, and hope to instigate change. This introduces a bias in the data, which, we argue, can be used to make inferences about people's subjective perceptions and experiences of their environments. To date, the implications of this subjective filter for the study of these data in criminology have not been explored. They are often discussed as a limiting factor, for example in regards to slanting services towards those who have more active voices, and are over-represented in such data (O'Brien et al. 2015) . However, in this paper we aim to illustrate the utility of such biases in the data by considering the crowdsourced mode of production. We hope to achieve this by exploring participation in a problem-reporting website, similar to 311, fixmystreet.com. The next section will describe this crowdsourced data set, and apply the theoretical framework of signal crimes, to contextualize the subjective bias in a meaningful way for research into people's experiences with place and disorder.
FMS
Fixmystreet (www.fixmystreet.com (hereon referred to as FMS)), is a web and mobile application for reporting environmental issues, run by the not-for-profit organization mySociety. FMS was created to enable citizens to report potholes, broken streetlights and other problems in their area easily, in order to get them fixed (MySociety 2016) . Using the website, citizens are able to locate their problem on a map to provide exact coordinates, choose a category for their report, give it a title, and provide a brief description. The report is logged with the time and date of reporting, and the name of the person submitting the report (unless they remain anonymous). Once the report is submitted, it is displayed on the application website, and a copy is emailed to the responsible local authority. As of 2010, local councils such as Bromley Borough Council in North-West London have integrated the platform into their own website. By providing this platform, FMS facilitates crowdsourced data collection of issues which people encounter in their day-to-day activities. Similar sites also exist in other countries, making this approach transferable and reproducible internationally (Worth 2011) . Therefore, while this article focuses on a case study from London, UK, it is possible to undertake such study in many settings worldwide.
FMS constitutes a specific subset of crowdsourced data called volunteered geographical information (VGI), where people collect geo-data (information with a geographical component) (Goodchild 2007; Haklay 2013) . Such data include only what people perceive, subjectively to be problematic enough to report, thereby introducing a bias into what gets reported. This is most often discussed as a limitation when considering such data to represent econometric characteristics of a neighbourhood. However, in this article, it is exactly this subjective bias that we hope to exploit for drawing inferences from such data. To do so, we first specify a theoretical framework. It is important that exploration of such data should be theory driven (Williams et al. 2016) .
financial decisions made by businesses (Casten and Payne 2008) , and people's willingness to cycle or walk through an area (Kelly et al. 2011; McDonald et al. 2010; Mitra et al. 2010) . In order to draw conclusions about crime risk, people rely on cues in the environment. Research emphasizes the causal effect of physical incivilities on fear of crime, implying that people consult indicators of incivility and neighbourhood disorder when assessing safety in the environment (Kohm 2013; Lewis and Maxfield 1980; Wilcox et al. 2003) .
One approach to frame the link between disorder and perception of crime and place comes from the signal crimes perspective. This suggests that people draw inferences about their environment based on certain signs of disorder which act as 'signals'. People subjectively interpret the disorder as something problematic, which evokes a negative interpretation of the area (Innes 2004; . A major theoretical advancement of the signal crimes perspective is the emphasis on the subjectivity of these signals. 'Not everyone will tune into the same set of signals, nor will they necessarily interpret a signal in the same way' (Innes 2004: 352) . Drawing on the wider social scientific literature on risk perception, signal crimes makes sense of how and why different instances of disorder and crime are rendered meaningful by people.
Definitionally, disorder covers any breach of prevalent norms and conventions that are disturbing or troubling. Physical disorder refers to the material detritus of antisocial behaviour and incivilities (Innes 2014) . Examples include litter, criminal damage, vandalism, and graffiti (Donoghue and Colover 2011) . Signal disorders are those that individuals judge to pose a potential threat. These are qualitatively different from unimportant and meaningless information that can be effectively ignored and treated as mere background noise to the conduct of everyday life. For example, interviews conducted by Innes (2014) reveal how people use both the visual nature of the disorder and repeated encounters with it to interpret something as a signal. This repeated encounter is something that is unique to the subjective 'perceiver'. Evidently, signal disorders are the features of an environment that people ascribe meaning to.
Beyond qualitative interviews however, there have not been many options to map the presence of these signals, in order to investigate their fluctuation in place and time. Where quantitative measures of disorder do exist, they tend to either miss this subjective interpretation element entirely, or focus on the subjective attitude only without anchoring it to a specific experience or event. To illustrate this, we now consider the two main approaches to measuring presence of incivilities on a larger scale.
One approach measures perceived disorder (the level of disorder people think is present in their area) (Davenport 2010) , by asking people about disorder in their neighbourhood using cross-sectional surveys. An example of this approach can be found in the Crime Survey for England and Wales. The corresponding question asks respondents to rate the extent to which they believe that disorder is a problem in their local area (see Brunton-Smith (2011) for an example of utilising this measure).
This measure falls victim to an issue which has been discussed in relation to the measurement of fear of crime; such questions are better suited to capture overall attitudes and anxieties, as opposed to everyday experiences with an issue (Gray et al. 2008a; 2008b) . Using these measures to represent people's actual encounters with disorder may overestimate (or underestimate) the extent of the issue. To compensate for this, measurements of fear of crime have shifted emphasis to anchoring these questions to actual experiences (Gray et al. 2008a; Solymosi et al. 2015) . This is not yet true of perceived disorder questions which fail to consider the frequency and intensity of experience.
Another issue is the lack of spatial specificity of these questions. Measuring perception at a neighbourhood level might mask low-level variation in signal disorders. Disorder and incivilities are likely to vary within neighbourhoods. For example, Weisburd et al. (2012) found hot spots of physical disorder showed significant within-area variability. This implies that signal disorders are not evenly dispersed in neighbourhoods. Therefore, it is important to consider signal disorders at the smallest possible scale in order to un-erroneously associate them spatially with other elements of the environmental backcloth.
The second approach is to measure instances of observed disorder, usually through systematic social observation (SSO). In SSO, surveyors cover a specified area and record observed instances of incivilities (Sampson and Raudenbush 1999) . While this approach reflects instances of disorder rather than generalized attitudes, it relies on the interpretation of the researcher only. This is a major limiting factor in terms of collecting data about signal disorders as it misses the identification of an issue as problematic by the passing perceiver. The signal crimes framework emphasizes that it is 'the situated context in which any signifier is located, together with the characteristics of the audience members, that shapes the construction of meaning' (Innes 2004: 352) . As discussed earlier, in order for something to be a signal disorder, it needs to be interpreted as such (Innes et al. 2009) . By simply logging all instances of observable disorder, SSO does not capture this subjective element. In areas where such fieldwork is conducted in congruence with interviews about signal disorders, a gap between observed and perceived levels of disorder is often detected (Innes 2014) .
Finally, both common approaches to measurement suffer a limitation on the resolution of the temporal information collected. Surveys ask about the general neighbourhood area and rarely make a distinction between when a person considers the specific disorder to be an issue. SSO on the other hand is limited to hours when the researchers are working. For example, in Sampson and Raudenbush (1999) the surveyors worked between 7 am and 7 pm, missing out on recording disorder in the environment that might occur, or be more observable, during the darkness hours, for example (Davenport, 2010) . The other time-insensitive feature of SSO is its inability to account for the effect of repeated exposure to something. As mentioned earlier, Innes (2014) found evidence that repeated exposure is a major contributing factor to an instance of disorder being interpreted as a signal. Therefore, such distinctions are important to make.
Crowdsourcing as an Alternative Measure
One possible avenue for collecting signal disorder data lies in the methodology of crowdsourcing. As discussed, the reports submitted to FMS contain a bias within them. They would not, like SSO, represent a collection of all signs of disorder. Instead, they are filtered to include only those people saw problematic enough to report. However, they do not represent people's generalized evaluations of their environments either; each report is anchored to a specific instance of physical disorder encountered by the person reporting.
The underlying concept of participatory mapping methodology provides a platform for people to report concerns in their neighbourhoods. It is possible to capture observed disorder (since people report about what they actually encounter), and also perceived disorder (since people prioritize reporting things they consider problematic issues). By looking into the application of participatory mapping at community level, Innes et al. (2009) found it has potential to aid police interventions focused on reducing the fear of crime. Specifically, it can enable the police to focus their resources on problems in particular locations that are functioning as the key drivers of neighbourhood insecurity (Innes et al. 2009 ). FMS data is both a participatory mapping exercise, and an online open source data set so we can use it to empirically explore whether it can represent the experiences of motivated perceivers coming across instances of disorder.
The remainder of this article will describe the data, considering the biases in reporting, and then compare with the two traditional measures of disorder described above (SSO and questionnaires). Finally, we will use the data to illustrate small-scale spatial and temporal variation in experiences with disorder, highlighting novel insight gained by crowdsourced data.
Data
While the reports made on FMS are available to view individually on the web page hosted by MySociety, this does provide a form that is readily accessible for analysis. One way to acquire such data is by scraping the data. Web scraping refers to developing and running an application that processes the HTML of a web page to extract data for manipulation. In the case of FMS, the first author wrote a script using Java programming language to open each report, save the relevant information, close the report and move on to the next one. This script iterated through the hundreds of thousands of reports made on FMS, compiling the data in format where it was easily usable for research purposes. It is important to note that this was done with the full permission of MySociety. This method collected 5 years worth of data that included the following for each report:
• Latitude and Longitude • Topic of report (e.g. 'Graffiti' or 'Litter') • Time and date when the report was made • Name of person reporting (if given, 'anonymous' if not) • Detailed description of the report The resulting database contained 276,656 usable entries for the United Kingdom after data cleaning. In the analysis that follows, two assumptions are made: that the location information provided with the report is the true location where the perceiver encountered the issue, and that the time when the report was submitted reflects approximately the time of encounter. To address these, we next explore the geographical and temporal reliability of the data.
Assumptions
In terms of spatial accuracy, FMS allows people to submit, to point level, the location of the issue they are reporting. This location needs to be accurate in order for the problem to be addressed. A characteristic of VGI is that content creators are also consumers, and therefore have vested interest in providing accurate information. Because of this, there exists a self-regulatory behaviour regarding the validity of the data, where people will strive to ensure the accuracy of the information they provide (Marjanovic et al. 2012) . People self-regulate, because, in order for the local authority to be able to address the issue being reported, it is in the content creator's interest to provide accurate locations. This assumption is reinforced in the case of FMS data by looking at the proportion of raised issues marked as 'closed' by the council. At the time of writing, Bromley Council have marked 99.69 per cent of their cases as fixed.
1 Although this percentage is lower in other local authorities, it is good indication that the spatial information is reliable enough for the council to be able to locate and fix the reported issues.
To establish the accuracy of the assumption that time of reporting represents the time of experience with the sign of disorder, we consider the case of reporting broken streetlights. Broken streetlights are more noticeable during hours of darkness. Therefore, if people report issues when they experience them, reports of broken streetlights should be more prevalent during the night than the day. Comparing the proportion of reports during daylight and night-time hours reveals that a higher percentage of reports are about streetlights during hours of darkness than during daylight ( Figure 1) . A chi-square test demonstrates a significant relationship between whether the report was made in hours of darkness or daylight and whether it concerned broken streetlights (χ 2 = 389.22, df = 1, p-value < 2.2e-16). Whilst this is an indirect analysis of this assumption, we argue that it allows maintaining that the time of reporting roughly reflects the time of encounter with what is being reported.
Reporting Behaviour
We now have some evidence that FMS data likely reflects when and where people encounter problems worth reporting, so we can look to spatial and temporal patterns in reports. While the temporal pattern in reporting shows steady increase year-on-year, the spatial patterns show a non-equal distribution of reporting. Some London Boroughs replaced their own online forms with FMS, affording it a form of legitimacy, indicating to residents that complaints on the site are taken seriously. The boroughs of Barnet and Bromley incorporated FMS into their sites, and as a result, the majority of reports come from these two boroughs (Figure 2) .
Another interesting feature of the data is the fine-grained temporal cycle in reporting. Examining within-day fluctuation in reporting is reminiscent of looking at people's daily activity patterns-with far less reporting during night-time, when most people are asleep (Figure 3) .
We can also examine the nature of the issues being reported. Figure 4 groups reports into 27 topics, giving a general idea of what people submit complaints about. The main two categories under which reports were submitted were 'Pavement or road issues' and 'Litter', which together contain 46 per cent of all reports.
It is also important to consider who the contributors are. Although FMS does not collect demographic information, some people leave their names, providing us with some useable intelligence. A feature of crowdsourced data is that a few users contribute the majority of the content (Howe 2006; Surowiecki 2005 ). This has disadvantages, which are discussed later, but the great benefit comes from all the contributions being recorded and compiled into one output. In this way, the researcher does not lose input from anyone, just because they choose to only participate once.
The data contain a total of 276,656 reports, of which 166,870 (60 per cent) were submitted anonymously, leaving 109,786 (40 per cent) named reports, which were sent by only 48,065 unique individuals. If distributed equally, this would mean just over two reports made per (name-leaving) person. But of course, it is not at all distributed evenly amongst these contributors. Of these, the top 1 per cent sent in one fourth of all reports. On the other hand, 73 per cent of people (who left a name) contributed only one response. In fact the median number of responses is 1, even though there were some very active users reporting over 800 issues. It is possible to represent this inequality in distribution using a Lorenz curve, used typically to graph wealth inequality. A perfectly equal distribution would be depicted by the straight line y = x (Gastwirth 1972; Lorenz 1905) . Figure 5 shows the proportion of reports assumed by people using FMS to report.
The corresponding Gini coefficient of 0.51 represents the ratio of the area between the line of perfect equality and the observed Lorenz curve, to the area between the line of perfect equality and the line of perfect inequality (Gastwirth 1972) . The closer the coefficient is to 1, the more unequal the distribution is (Zeileis et al. 2012) .This result points immediately to the existence of 'super contributors' in the data. In crowdsourcing literature, this phenomenon of 'participation inequality' has been noted, and observed to follow a more or less 90-9-1 rule (Stewart et al. 2010) . Grouping people into three categories (super contributors providing 90 per cent, contributors 9 per cent, and outliers 1 per cent), Stewart et al. (2010) note that super contributors are highly motivated in their participation. In the context of FMS reports, we can understand this as a group of people who actively monitor their environments, and report any issues they come across. These people are not category-specific either. Of the 1,024 people who left three reports or more, only 205 reported in only one category (20 per cent), while the majority reported in two or more. We will return to this inequality in the discussion.
While the reports do not collect demographic information, it is possible to draw conclusions based on names where they were left with the report. Using data from credit card and birth certificate information, Longley et al. (2015) developed a way to infer gender and age from first names. This inferential procedure is by no means perfect (Lansley and Longley 2016) . However, such an approach is a viable means of assigning characteristics to individuals about whom only their name is known. Names are particularly successful as a means of estimating gender (Lansley and Longley 2016) . Therefore, it will be used to explore gender differences in FMS reporting here.
Men submitted 24.5 per cent of all reports, with 67 824 reports made with typically male first names, while women submitted only 8.6 per cent of all reports (n = 23,825). For the rest of the reports, gender could not be inferred from their name. Of these, most (over 90 per cent) were submitted anonymously, while the other 10 per cent provided an initial or an obvious pseudonym, such as 'concerned citizen'. These reports were classed as 'unknown' in terms of gender. Overall, we see more reports from men than women. There are two potential reasons for this; the first that men submit more FMS reports than women do, and the second that when men make reports, they are more likely to leave their full name. However, drawing the conclusion that men leave more reports would be supported by previous research into biases in other crowdsourced data (Budhathoki 2010; Haklay 2010) . Such biases are important to keep in mind when interpreting results from this data, and will be discussed later in the article.
Looking at differences in reporting across categories shows that there is a significant gender difference (χ 2 = 4822.301, df = 58, p-value < 0.001). The standardized residuals (shown in Table 1) reveal that reports about parking, abandoned vehicles, graffiti, highway issues, hazards, and carriageway defects were most likely to be reported anonymously. Reports about dog fouling, greenery and litter were more likely to come from women or anonymous reporters, while reports about dead animals, parks and public toilets were more likely to come from women as a single group. People who left their name were more likely to report street cleaning issues than anonymous reporters. And finally, reports in unclassified, potholes, pavement or road issues were more likely reported by men.
On first glance it appears that men are more likely to report in categories related to driving (potholes and road problems), whereas women report more in categories related to walking (parks, dead animals, dog fouling, litter). There is great potential for exploring this further in research in the role of gender and the use of public space (Table 1 ). The findings are in line with results from anti-social behaviour (ASB) victims survey data from Innes (2014) who found that women, on average, attend more carefully to physical disorder signals. Furthermore, interviews by Innes (2015) , also imply that women attend more to physical disorder, whilst men scan more for the potential for violence (Innes 2015 ) (or potential for some harmful consequence to them or their property such as a vehicle).
We emphasize these inequalities in reporting by area and gender and the presence of the super-contributors, as these are biases in the data that must be considered in its interpretation. We maintain that these biases can be used to learn more about different people's experiences with disorder in the environment and can be interpreted and studied, rather than dismissed as limitations. The bias of what gets reported is another strength of this crowdsourced data, applied to the study of disorder through the signal crimes framework. The next section addresses this bias by comparing with other disorder data, before we move on to consider the dynamic, spatio-temporal information gained by mapping this data as representations of perceived signal disorders. 
Subjective Experiences with Disorder
Earlier, we suggested that the bias of what is reported on FMS means that these data represent not an econometric measure of disorder in a neighbourhood, but issues that people subjectively evaluate as problematic, in line with the signal crimes framework. Therefore, we hypothesize that this measure will not directly reflect SSO or questionnaire measures of disorder, but will instead present something new. To explore this, we use SSO and questionnaire data available for the London borough of Camden, and compare their features against the crowdsourced data. The Camden case study area covers approximately 22 square kilometres in inner London, home to almost 210,000 residents. In socio-economic terms, it is one of the most polarized boroughs with some of the wealthiest areas in England as well as some of the most deprived. Recorded crime levels are above the average for London (Camden Council Sites Team 2012) . With these characteristics, this borough presents a good representation of various land uses and populations.
The data for the traditional 'questionnaire' measure of disorder come from the Metropolitan Police Service Public Attitudes Survey (PAS). The PAS is an annual survey running since 1983 with the objective of eliciting Londoners' perceptions of policing needs, priorities and experiences (BMG Research 2014) . It is made up of face-to-face interviews at the homes of respondents, selected from a random probability sample of residents in each of the 32 boroughs across London (Mayors Office for Policing and Crime 2016). Approximately 1,067 interviews per month are carried out, equating to 100 interviews per Borough per quarter (BMG Research 2014).
The data for traditional SSO measure comes from Camden Council local authority. It contains systematically collected data about instances of disorder in the environment, collected by monitoring officers, who patrol the borough. While they record different types of disorder, they were willing to share reports of litter. They typically log between 500 and 1,000 reports of litter per month. Accordingly, to enable direct comparison, the rest of this analysis will focus on FMS reports and PAS responses concerning litter in particular.
Serendipitously, litter features prominently in the signal crimes narrative. Innes (2014) found that 'the dumping of litter signalled to residents that an area is "deteriorating" ' (p. 29) . Litter is also the most commonly reported environmental issue that can be considered an instance of disorder. Furthermore, it impacts upon a lot of people, but fairly diffusely (by contrast, for example, being 'intimidated and pestered' is not something many encounter, although those who do are more intensely affected by it) (Innes 2014) . Evidently, litter is something many people experience, and has the potential to be interpreted as a signal disorder, yet will often not necessarily be interpreted as so. Therefore, an SSO measure of litter can be hypothesized to over-estimate the extent of signal disorder encounters with the issue. For clarity, Table 2 summarizes the sources of data used in this section, with some details.
Relationship between complaints, SSO data and survey responses
We begin by examining the spatially weighted strength of relationships between FMS complaints and the other measures. We used a spatial error model in order to account for (spatially correlated) covariates that, if left unaccounted for, would affect inference. The unit of analysis was the 133 neighbourhoods within Camden. These are defined as lower super output areas (LSOAs) which are geographical regions 'designed to be more stable over time and consistent in size than existing administrative and political boundaries. LSOAs comprise, on average, 600 households that are combined on the basis of spatial proximity and homogeneity of dwelling type and tenure' (Sturgis et al. 2014) . We consider each LSOA to be one neighbourhood.
Perceived levels of litter are derived from answers of LSOA residents to the PAS question 'How much of a problem is rubbish or litter lying around?', with responses coded 1-4, from 'Not a problem at all' (1) to 'Very big problem'(4). Aggregate scores for each neighbourhood were calculated by taking the median of the responses from residents, in line with Likert scale questionnaire analysis best practice (Clason and Dormody 1994; Johns 2010; Boone and Boone 2012) . 2 Higher scores mean that the neighbourhood residents perceive rubbish to be more of a problem. Table 3 shows four models. For each traditional measure, we examine both its relationship with the other traditional measure and with the FMS data. The R-squared, log likelihood, and AIC values can be used to compare the models. We find that FMS data is not significantly associated with either SSO or Questionnaire measures of disorder. Neither does it perform better in predicting perceived disorder measured with questionnaires than SSO, nor in predicting observed disorder measured with SSO than questionnaires.
There may be external issues that affect these results, for example the level of participation in online reporting platforms, or other biases which affect representativeness of the FMS data. However, with these results we cannot say that FMS data purely reflects either observed or perceived levels of disorder. Instead, as theorized above, it potentially measures something new, which when explored in greater detail, could yield insight into people's everyday experiences and subjective perceptions of their environments.
Exposure to Signal Disorders as a Function of Routine Activities
In the previous section, we established that FMS data, conceptualized using signal crimes framework as people's encounters with signs of disorder they consider problematic, show something not captured either by traditional perception surveys, nor objective SSO observers. Therefore, at least using the case of Camden, it would be incorrect to use it as an econometric indicator of disorder at neighbourhood level. Instead, it is telling us something different about people's experiences with disorders which affect them, as they go about their routine activities. To showcase the full utility of FMS interpreted this way and the benefit of its spatial and temporal granularity, we now explore spatio-temporal features of these data.
To do this, we subset the data again, from the all 26 categories in which reports were made (Figure 4) , to all instances of environmental antisocial behaviour (enviro-ASB). Enviro-ASB includes any antisocial behaviour act where the incident is not aimed at an individual or group but targets the wider environment, e.g. public spaces/buildings (Police 2015) . Also called incivilities, examples include litter, criminal damage, vandalism and graffiti (Donoghue and Colover, 2011) . These are the issues that can be interpreted as signal disorders with potentially harmful consequences on health and well-being (Sampson and Raudenbush 2004) . We take this subset as using the entire FMS data set would conflate a number of distinct types of problem and incivilities are, through their very nature, likely to be more sensitive to particular settings, and are most likely to represent signal disorders. In the following analysis, we therefore classify this subset of reports as 'signal disorders' and use the remaining non-disorder reports as a comparison group.
In total, about 30 per cent of reports are about incivilities. Temporally, incivility reports peak at 7 am on weekdays only (Figure 6 ), when they make up 40 per cent of all FMS reports. This means that at 7 am on weekdays, people encounter higher rates of signal disorders. This is contrary to what might be expected, based on images of increased fear 'after dark'. To investigate, we turn to the wealth of information included in FMS reports. From the detailed descriptions, it appears that the majority of these are litter complaints, about overflowing bins and fly-tipped items. The narrative descriptions included with FMS reports reveal that these reports are made by people who are waking up to go to work, and encountering signs of activity that took place in the same location, but at a different time (Figure 7) . They see signs of another activity in the space their routine activity pattern takes them through but is incongruent with their current use of this space, and interpret these as a signal disorder, attributing meaning which can result in heightened fear or anxiety. The finding that people make inferences about use of space based on artefacts of its previous use is very interesting, and will be taken up in the discussion. Besides the fine-grained temporal resolution, the data also allow us to map at microgeographical level where people are more or less likely to encounter problematic instances of disorder. Using Gi* to identify areas where local patterns differ from the overall study area (using street segments as the unit of analysis), we can see significant clusters of street segments (those in red) where there is a high proportion of reports concerned signal disorders (Figure 8) .
With the fine-grained temporal data, it is further possible to see how these clusters of segments shift over time with changes in routine activities. For example we can consider the changes in travel patterns during the day. Based on travel patterns in London the day can be split into six main groups: early morning (4 am to 7 am), am peak (7 am to 10 am), inter-peak (10 am to 4 pm), pm peak (4 pm to 7 pm), evening (7 pm to 10 pm) and night (10 pm to 4 am) (Transport for London 2014). Figure 9 shows how the clusters of segments where people are encountering a higher proportion of signal disorders varies between these time periods.
Interestingly, Figure 9 appears to demonstrate that there is more dispersion and differentiation in high clusters during the day, perhaps representing differences in land use and non-home based routine activities at these times. Such information can be used to identify places and times where people are more likely to experience perceptions of insecurity as they go about their everyday experiences. 
Discussion
The previous sections illustrate the many layers of information available in crowdsourced data. We have argued that it is important to consider the biases in such data not only as limitations, but as additional layers to be explored. By conceptualizing the bias of what gets reported from the signal crimes perspective, we gain insight into people's everyday experiences with disorders and short-term spatial and temporal fluctuations in these experiences. The benefit of place-based approach to study crime (Groff et al. 2010; Weisburd et al. 2012 ) could be applied to place-based study of perception of crime, with such new data representing subjective experiences.
Our findings have implications both for contributing to signal crimes theory, and for the broader topic of interpreting the bias in crowdsourced data as an additional layer of information that has a conceptual interpretation. Regarding signal crimes theory in particular, our exploration of variation in FMS data highlights the importance of the individual perceiver. This is in accordance with the unique perspectives of those interviewed by Innes (2014) when attributing meaning to disorder, but has the advantage of scaling up the evidence on this using secondary data, and of specifically situating signal crime incidents in space and time. Individual differences play a role in all types of human behaviour (Wortley 2011) , and even within-person changes, such as the psychological state of the perceiver (Jackson 2015) can impact the interpretation of a signal. FMS data demonstrate that the experience of a signal disorder is the result of the convergence of the appropriate situational factors with appropriate individual factors in the person interpreting the signal. It is a generated output, much like fear of crime, in that it does not exist on its own, it is only realized when someone comes across to experience it as such.
Interpreting the signal crime as a product of the 'person-situation interaction' (Wortley 2011) in a particular place and time has a number of implications in terms of the next steps necessary in furthering our understanding, and in terms of prevention. For example, it is not yet clear whether certain types of setting are likely to elicit a certain kind of reaction in most perceivers or in more limited number of cases. In other words, to what degree does the individual interpretation have more or less weight in the labelling process than objective features such as the setting, the time and the type of disorder? This balance will likely vary over situation, but has implications for dealing with disorder. For example, is it important to work with vulnerable populations, problem places or both?
There is also a broader commentary about interpreting the bias inherent in the mode of production of crowdsourced data through applying theoretical frameworks, such as signal crimes. This article has demonstrated the advantages of operationalizing this bias, and treating it as strength of such new sources of data, rather than a limitation. Using the signal crimes framework enabled the interpretation of FMS data as a representation of people's subjective experiences. Likewise other theoretical frameworks which examine the role of human interpretation could be applied to crowdsourced data. Such exploration is not limited to FMS data-there are many other emerging data sources that could be usefully analysed. For example, it could be possible to consider the motivations behind tweeters tweeting, to draw inferences about the meaning of the data on a more nuanced level.
In practical terms, the crowdsourced FMS data can help identify times and places where 'hand over' of a place occurs between different 'users', which we suggest can raise anxieties. This could plausibly help tailor intervention. For example, if we know that those who are out at night tend to retire from an area at 4 am, and the new users don't appear until 7 am, the signals left behind could be cleaned up in the time before the new users of the space arrive. In fact when it comes to addressing perceptions of insecurity, it may be as effective to prevent a 'perceiver' from seeing something they can interpret as a sign as it would be to prevent the act that created the signal in the first place. Mapping these experiences in the micro-scale geographical resolution could highlight hotspots of concern.
However, if such applications are to be considered, the other biases in the data must be kept in mind. Care must be taken to avoid issues such as slanting services towards those who are over-represented in this data. Earlier, we demonstrated the potential 'over-influence' of super-contributors. While we explored the bias of what is reported, it is also important to consider who these contributors are. The sample of participants is entirely self-selected, leaving out those who do not participate so extensively, but might still be affected (Budhathoki 2010; Haklay 2010) . Longley (2012) comments that 'self-selection is an enemy of robust and scientific generalisation, and crowdsourced consultation exercises are likely to contain inherent bias' (Longley 2012 (Longley : 2233 . Beyond self-selection issues in general, an entire body of work has explored the impacts of the 'digital divide' (for an example see Yu (2006) ), which refers to certain socio-economic groups being overrepresented in data generated on-line (Malleson and Andresen 2015) . Gender bias has been found, showing that men tend to participate more so in such activities than women. Further work on VGI participation has also shown a divide in participation along many socio-demographic variables. Employed people, those people between the ages of 20 and 50, and those with a college or university degree are most likely contributors (Budhathoki 2010; Haklay 2010) . Looking into what contextual factors influence participation in Open Street Map, (Mashhadi et al. 2013) . Mashhadi et al. (2013) find that, socio-economic factors such as population density, dynamic population, distance from the centre and levels of poverty all play a role. These factors are important to keep in mind when reporting findings based on analysis of such data.
A limitation of the current study comes from having subset the data to litter reports only, which was necessary to triangulate the data while ensuring the same concept was measured. Different relationships might have been found with disorder data relating to graffiti for example. However, the data presented here and the relationships described are for one context only and serve as a first exploration of the data in this way. The intention is to pave the way for the application of this approach to other crowdsourced data, as well as to encourage replication to help determine the generalisability of some of the findings. As FMS and similar on-line open data become more established in other countries, international comparison should become a possibility.
A further avenue for research is to use openly available online data sources to aid with gaining insight into other elements of people's perception of their environments. For example in their study utilizing community intelligence, Innes et al. (2009) asked participants to plot on the maps the boundaries of what they consider to be their neighbourhoods. Perhaps mapping participation in various online forums could generate inferences about geographical location of communities with shared interests, which could help further guide community engagement strategies.
It is inevitable that the next decade will see the emergence of new sources of open access data, which should be ripe for exploration in social sciences and criminology. In assessing the viability of new forms of data as a source of insight into criminological concepts it is important to consider all layers of data and their possibilities. A solid theoretical approach and appropriate domain knowledge are key to be able to frame and make sense of these data in a meaningful way (Williams et al. 2016) . A necessary step in doing this involves the application of a relevant theoretical framework, as well as the triangulation and exploration of the new data with existing more traditional sources. Here, we have demonstrated this process for the measurement of issues related to disorder. It appears that complaints data, collected through crowdsourcing websites such as FMS, represents a measure that cannot be situated as either entirely objective and entirely subjective measures of disorder, and can be argued to represent signal disorders in this sense. That is, issues that are both observable and cause enough of a reaction in the beholder to act to report them. This article provides a template for using crowdsourced data to study people's perception of crime, disorder and place at a resolution at which data were previously unavailable. By framing the subjective bias of what gets reported as something that encompasses both the tangible experiential aspect as well as the emotional bias of interpreting something as a signal, we can explore when and where people come across disorders that matter to them during their routine activities. Just like the shift towards considering crime as something that varies with the situational context in place and time, framing perception of disorder this way can lead to new, situational approaches to reduction that have been missed by traditional approaches.
Overall we merely scrape the surface of the potential depth of insight to be gained from crowdsourced data. Using such information to supplement current knowledge on people's perceptions from traditional survey methods could bring new insight such as the ones highlighted in this article, and bring a situational perspective to the study of the subjective perceptions of crime and place.
Whilst not yet qualifying as the use of 'big data' approaches, we are optimistic that the use of new open source crowdsourced data opens up opportunities for new theoretical and practical insights in social science research.
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